Abstract: Spatial tree data are required for the development of spatially explicit models and for the estimation of summary statistics such as Ripley's K function. Such data are rare and expensive to gather. This paper presents an efficient method of synthesizing spatial tree point patterns from nearest neighbour summary statistics (NNSS) sampled in small circular subwindows, which uses a stochastic optimization technique based on simulated annealing and conditional simulation. This nonparametric method was tested by comparing tree point patterns, reconstructed from sample data, with the original woodland patterns of three structurally different tree populations. Analysis and validation show that complex spatial woodland structures, including long-range tree interactions, can be successfully reconstructed from NNSS despite the limited range of the subwindows and statistics. The influence of the NNSS varies depending on the woodland under study. In some cases, the sampling results can be improved by reconstruction. Furthermore, it is clearly shown that it is possible to estimate second-order characteristics such as Ripley's K function from small circular subwindows through the reconstruction technique. The results offer new opportunities for adding value to woodland surveys by making raw data available for further work such as growth projections, visualization, and modelling.
Introduction
To understand many problems in woodland ecology and management, detailed spatial tree data are a necessary prerequisite. For example, computer-based habitat and landscape models need such information (Letcher et al. 1998; Merrill et al. 1999) and are becoming important tools in environmental and conservation planning (Seppelt and Voinov 2002; Niklitschek and Secor 2005; Carroll and Miquelle 2006) . Spatially explicit tree growth models, sampling simulators, and landscape visualization tools also require detailed data including tree characteristics and tree positions (Pommerening 2000; Moravie and Robert 2003; Bauer et al. 2004; Hasenauer 2006; Pommerening 2006) . In many biological and ecological studies, Ripley's K function is used (e.g., Penttinen et al. 1992; Moeur 1993) . This second-order characteristic is normally estimated from fully mapped tree point patterns in large observation windows. (The term ''observation window'' in the context of this paper refers to a two-dimensional area or tract of trees.) Methods of simulating spatial patterns are also used to study the performance of summary characteristics (Torquato 2002; Pommerening 2006) .
A full enumeration and mapping of trees in large woodlands is usually not feasible because of the costs involved, and spatially explicit tree data are collected on a sample ba-sis, for example, from circular sample plots. Therefore, when simulating woodland structure, methods are required that allow a full and detailed spatial analysis of woodlands from the limited information available. If the model parameters can be estimated from the sample data, point process models are capable of providing a partial solution to this problem and classic examples are Cox process models (Stoyan and Penttinen 2000) and Gibbs process models (Tomppo 1986; Degenhardt and Pofahl 2000) . However, these classical approaches are perhaps too simplistic, do not provide great detail, and therefore are not necessarily the best solution to the problem discussed in this paper. Also, heterogeneity in the natural environment makes the application of stationary process models questionable. Because the original sample points are not used in modelling, other than providing the parameters, much valuable information is lost and the simulation requires additional software. Ideally, models would make direct use of the sample data using the original points from the subwindows and only generating new points outside the windows. Such simulations are said to be ''conditional'' and maximize the use of original data. Although not difficult, such conditional simulations are rarely described in the literature.
Reconstruction methods offer much potential for detailed simulation and several methods have already been proposed. Pretzsch (1997) developed a method that is based on an empirical function estimating the distance to the nearest neighbour and a set of probability functions combining an inhomogeneous Poisson process and a hardcore process. Other authors have tried to decrease the role of model assumptions and empirical parameters: Lewandowski and Gadow (1997) constructed a three-phase model approach using nearest neighbour summary statistics (NNSS), Pommerening (2000) developed a method, based on Pretzsch (1997) , that generalized the empirical functions by deducting spatial information from sample data, Biber (1999) suggested a method of simulating spatial forest structure to compensate edge effects in growth simulations, and Pommerening (2006) presented an approach using NNSS and cellular automata. With the method introduced in this paper, the authors follow the latter philosophy of reducing the effect of model assumptions on the reconstruction process to a minimum to allow wider application. Based on the encouraging results achieved by Lewandowski and Gadow (1997) and Pommerening (2006) , the reconstruction process of this study is also driven by NNSS.
The authors adopt the idea of reconstruction methods as developed in statistical physics (Torquato 2002) . These are general stochastic optimization techniques based on ''simulated annealing'' (Kirkpatrick et al. 1983; Č erný 1985) . This approach is adapted to point processes as proposed in Tscheschel and . The general idea in the context of forestry data is to extrapolate spatial woodland structures, which have been observed in small subwindows, over the whole study area.
The aim of this paper is to show that the partial information obtained from woodland surveys can be effectively exploited by using them to reconstruct the original spatial woodland structure of the whole study area. To achieve this, data from three large, fully enumerated and mapped woodlands were resampled on a computer using circular sample plots as subwindows and the original forest structures were then recreated using data from the sample trees only. The experiments include a thorough error analysis, which considers ''total errors'', ''sampling errors'', and ''reconstruction errors'' (Fig. 1) .
The patterns obtained by the reconstruction method were validated using various correlation functions (Stoyan and Penttinen 2000) , which not only consider short-range correlations (which are characterized by the NNSS) but also include long-range correlations.
Materials and methods
The reconstruction method presented in this study is based on a specific sampling design, which is described in the next section. Then the generic reconstruction algorithm is explained in detail. The method is tested and validated for three example woodlands.
Sampling design
The data for the tree point pattern reconstruction originate in a partial sampling of two-dimensional tree locations, diameters at breast height (DBH), and species information in large windows of observation. Instead of sampling them totally, only subsets are analysed. Because of its widespread application and efficiency, systematic sampling of circular subwindows is considered in this paper. However, modifications using other geometric shapes, such as rectangles, squares, and line transects (e.g., see Krebs 1999) , to define subwindows are also possible. The radius of the circular subwindows depends on window size and forest structure. The centres of subwindows have to be determined such that the subwindows are completely within the window. The examples considered show that the total area of all circular subwindows should be around 25% of the area of the large windows.
The trees in the circular subwindows are used for estimating various statistical summary characteristics. Since the subwindows offer only short interpoint distances, the spatial summary characteristics should be related to nearest neighbour distances. The NNSS used are defined in Table 1 . They are all based on reference trees indexed by i and their n nearest neighbours, ordered with respect to distance; thus, for example, index j = 2 corresponds to the second-nearest neighbour. Table 1 refers to the histogram of distance to the jth nearest neighbour in discretized form; in this study, the class width is 0.5m, which is appropriate for forestry data. Equation 1.2 concerns the mean directional index R i . This is the length of the sum of the n unit vectors pointing from the reference tree to its nearest neighbours. This index takes large values in the case of clustering and small ones in the case of repulsion between the points. It is a good variability characteristic for nonmarked point patterns.
Equation 1.3 is the species mingling index M i , which is defined as the proportion of the n nearest neighbours that differ from the reference tree i in terms of tree species. If M i takes a large value, the species of the reference tree and its neighbours tend to be different, i.e., the trees are intermingled at short distances. Otherwise, there is segregation of points with different marks.
Equation 1.4 gives the diameter differentiation index TD i , which describes the mark differences of neighbouring trees on a continuous scale. Here, the marks are diameters, but other choices are also possible. If all marks are equal, TD i = 0, and if the mark differences are very large, then TD i can approach 1.
Equation 1.5 is the diameter differentiation TDm i that is the mean of the size difference of n neighbouring trees. It follows the principle of eq. 1.4. Equation 1.6 gives the diameter dominance U i , which is defined as the proportion of the n nearest neighbours that are smaller than the reference tree. Large values of U i describe dominant trees, and small values indicate dominated or suppressed trees.
For the reconstruction, histograms of the nearest neighbour distances of eq. 1.1 and of the characteristics defined in eqs. 1.2-1.6 are used as summary characteristics because they provide more information than simple measures of location such as arithmetic means or measures of dispersion (Stoyan and Stoyan 1994; Pommerening 2006) . The histograms are based on all points in the subwindows and detailed information on how to estimate them is provided in Aguirre et al. (2003) , Gadow and Hui (2002), and Pommerening (2006) .
Reconstruction method
Using the information from the subwindows and the summary characteristics described above, point patterns in the whole window were generated numerically. The aim is that these are as similar as possible to the true point pattern in the whole window. The reconstruction is performed as ''conditional simulation'', i.e., the positions of the points in the subwindows are fixed during the whole reconstruction process (Fig. 2) . Outside the subwindows, new points are simulated in such a way that the whole point pattern has NNSS as close as possible to those estimated for the circular subwindows. This is carried out by an iterative optimization procedure.
A convenient choice of the initial configuration is a completely random point distribution with marks (species and diameters) copied randomly (following the bootstrap method and sampling with replacement described by Schreuder et al. (1993) and Krebs (1999) ). The total number of points in the whole window is calculated as the point density estimated from the subwindows multiplied by the window area. Thus, the number of points outside the subwindows is this product less the combined number of all trees in the subwindows. (Illian et al. 2008) Tree positions (Füldner 1995; Aguirre et al. 2003) Tree species (Füldner, 1995; Gadow, 1999) Tree dimensions Tree dimensions
An improved initial configuration in the case of repulsion between the trees is a modified Matérn hardcore process (Stoyan et al. 1995) , which is a simple point process model with some degree of inhibition between the points expressed by the hardcore distance h (= minimum interpoint distance), which can be estimated from the subwindows. This initial configuration is then subsequently improved by a stochastic optimization technique (Torquato 2002; Tscheschel and Stoyan 2006) . The reconstruction technique is based on the simulated annealing method, which has found various applications also in ecology and forestry (Jørgensen et al. 1992; Liu et al. 2000; Baskent and Glen 2002; Chen and Gadow 2002; Ö hman and Ljusk 2002) . It can be considered as an application of the so-called Joshi-Quiblier-Adler (JQA) device, which has originally been applied in physics for heterogeneous microstructures (Rice 1945) . A detailed description is given in Torquato (2002) , and Tscheschel and Stoyan (2006) discuss its modification for the reconstruction of point patterns, which is used in this paper. The algorithm works as follows.
(1) A given marked point configuration is characterized by a contrast measure C old , which quantifies the difference between the NNSS estimated from the subwindows and the reconstructed point pattern in the whole window.
(2) To improve this configuration, one randomly selected marked point is moved to a random ''candidate'' position and the corresponding new contrast measure value C new is calculated.
(3) If C new < C old and h new h sample (the new minimum interpoint distance h new in the simulated pattern is not smaller than the hardcore distance h sample observed in the subwindows), the candidate tree position is accepted and replaces the old position and C new is set as C old . Otherwise, the candidate tree position is rejected.
(4) Steps 2 and 3 are repeated until the current contrast measure C old falls below a preset value or a maximum number of iterations is exceeded.
The reconstruction method mainly depends on the choice of the contrast measure C (also referred to as energy function), which is at the heart of and fuels and controls the simulation process. As usual in physics (see Torquato 2002) , it is recommended that C be defined as a least-squares error function, which can be written as
where k is the discrete number of classes of a histogram, b f ðxÞ is the histogram estimated from the reconstructed data, f(x) is the histogram estimated from the data of the circular subwindows, and x values are class means. In this paper, the total contrast measure C consists of a number, m = 6, of individual contrast measures, C i , corresponding to histograms of the different summary characteristics of Table 1 multiplied by specific weights, w i , which evaluate the importance of the various NNSS:
The weights w i used in this study were determined through preparatory trial simulations and reflect the relative importance of the NNSS in the reconstruction process. They are given in Table 1 . Once the reconstruction is finished, a point pattern in the whole window has been established. Inside the subwindows, it is identical to the pattern originally observed. Outside the subwindows, it is irregular but has NNSS similar to those of the true pattern. Also, it is expected that other summary characteristics of the reconstructed pattern are similar to those of the original pattern. For example, this may be true for second-order characteristics such as Ripley's K function or the pair correlation function. These functions can be simply obtained from a large number of replications, e.g., 100, and the final K function estimated by averaging the functions of all replications. If a number of replications of the same forest pattern are required, independent runs of the algorithm with the same parameters can be performed.
Testing the reconstruction algorithm
The reconstruction method described above was tested by applying it to three different woodland patterns for which all two-dimensional tree coordinates, DBH, and species information were given in large observation windows. For these patterns, the sampling with circular subwindows was simulated, the reconstruction algorithm was applied, and various second-order characteristics were determined. These estimates were then compared with their exact counterparts from the large original windows.
Woodland data
Because the methodology was not based on model assumptions, it is applicable to data from a wide range of plant communities. In this paper, it was used for data of very different mixed-species forests, from three European countries, with various degrees of spatial heterogeneity. The summary characteristics of the three woodlands are given in Table 2 .
The site Białowieża is located in the famous Białowieża Forest in eastern Poland in the border zone between Poland and Belorussia. As well as containing one of the largest virgin old-growth forests in lowland Europe, and forming a refuge for the last free-living herd of European bison, it is increasing in importance because of long-term research into its ecology (Peterken 1996) . The woodland consists of a pedunculate oak (Quercus robur L.) overstorey interspersed with Scots pine (Pinus sylvestris L.) and an understorey of Norway spruce (Picea abies (L.) Karst.), hornbeam (Carpinus betulus L.), and silver birch (Betula pendula Roth). It is situated at an elevation of 165 m above sea level and is part of a silvicultural experiment, outside the protected virgin forest reserve, exploring the possibility of retaining the virgin forest structure and species composition by mimicking natural disturbances during commercial timber production (Brzeziecki and Drozdowski 2005) .
The Hidegvizvölgy woodland is located in the buffer zone of the Hidegvizvölgy forest reserve in the hills around the northwest Hungarian city of Sopron (near the border with Austria). Before being designated as a forest reserve, the area was part of the restricted border zone of the Iron Curtain for almost 50 years and remained undisturbed for a comparatively long time. Hidegvizvölgy has a mixed overstorey of European beech (Fagus sylvatica L.), sessile oak (Quercus petraea (Matt.), European larch (Larix decidua Mill.), and Norway spruce. The understorey comprises hornbeam, silver birch, and large-leaved lime (Tilia platyphyllos Scop.). The forest is at an elevation of 410 m above sea level (Puttkamer 2005) .
Walsdorf is a management demonstration site situated in a community woodland in the German federal state Rhineland-Palatinate. It lies within the Kalkeifel Mountains at an elevation of 560-580 m above sea level. The overstorey is formed by 103-year-old beech, a few sessile oak trees of the same age, and 85-year-old Norway spruce. The understorey consists of 47-year-old beech (Pommerening 1997) .
These three research sites formed the tree populations of this study.
Experimental design
The behaviour of the reconstruction algorithm was investigated by simulation. The radius of the circular subwindows was chosen mainly for technical reasons as a compromise between the ratios of the sides of the original forests and standard recommendations in forestry text books (Loetsch et al. 1973 ); radii of 10 and 13 m were selected (see Table 2 ). The trees in the subwindows were sampled according to the plus-sampling method (Stoyan and Stoyan 1994; Stoyan et al. 1995; Pommerening and Stoyan 2006) in which off-plot neighbour trees are used in the calculation of NNSS for the trees within but close to the edge of the subwindows to eliminate edge effects. The locations of the subwindow centres were the grid points of systematic grids, which were randomly located within the window of observation.
One thousand sampling replications were carried out for each of the three original forests. The simulation experiment was conducted for each original forest in the following five steps: (1) calculation of the NNSS of the original woodland, (2) simulation of the circular subwindows of the ith sampling replication, (3) estimation of the NNSS from the data of step 2, (4) reconstruction of the original woodland in the whole window using the NNSS estimated in step 3, and (5) statistical analysis of sampling, reconstruction and total errors. Here, i is an index variable denoting the replication under study with i = 1, ..., 1000.
Error and validation statistics
As indicators of errors, the arithmetic means of the NNSS were used, e.g., mean distances to the 1st, . . ., nth neighbour (eq. 1.1 in Table 1 ) or the mean mingling index M (eq. 1.3 in Table 1 ). For the separate evaluation of sampling, reconstruction, and total errors, the relative bias (r. Bias) and relative root mean squared error (r. RMSE) were estimated for the arithmetic mean NNSS:
where is the arithmetic mean NNSS for the original forest under study, b i is the arithmetic mean NNSS estimated from replication i, and b is the arithmetic mean NNSS of the s = 1000 replications
As there are two distinctive processes, sampling and reconstruction, involved in this study, the errors were split into two different components (see also Fig. 1 ) to investigate how they relate to each other. The statistics referring to the sampling error were calculated by comparing the estimated NNSS of the whole original forests with those of the simulated circular subwindows. The statistics relating to the reconstruction error were calculated by comparing the NNSS estimated from the circular subwindows with those of the whole reconstructed woodlands. A comparison of the NNSS of the whole original forests with those of the reconstruction replications provided the total error. The results will show whether the common hypothesis that total error = sampling error + reconstruction error holds. Figure 3 shows the results of the sampling analysis through the arithmetic means of the nearest neighbour summary characteristics of Table 1 . The solid regression curves were fitted to the data of all six NNSS together.
As expected, there is generally a decreasing tendency of the r. RMSE (eq. 4) with increasing sample size; the larger the sample size, the more accurately the NNSS can be reestimated. Between the three woodlands, there are marked differences that highlight that the relationship between r. RMSE and sample size depends on the spatial structure of the woodland considered. The Białowieża woodland, for example, shows a higher average r. RMSE level (curve in Fig. 3) than the other forests. In the Walsdorf Forest, the mingling index estimator (M) is affected by a large r. RMSE caused by bias, a result that has already been reported in previous studies (Pommerening 1997) . Note that if tree locations and other tree attributes (e.g., diameters, species) were stochastically independent, the arithmetic mean r. RMSE across all NNSS could be expressed as r. RMSE = x -0.5 , where x is the sample size. The deviations in the regression curves of Fig. 3 from this expected behaviour are the result of correlations between tree variables. Such correlations have been identified in many studies (e.g., Penttinen et al. 1992; Pommerening 2002) .
For the reconstruction experiment, the sample size was determined as the sample size corresponding to a mean r. RMSE (eq. 4) of 5% across the six NNSS. Sample size, grid width, and plot radii in Table 2 correspond to this 5% target.
Since the NNSS used in the reconstruction only quantify short-range interactions between points, an important question to be answered was whether long-range interactions were established adequately. This question was investigated by applying a range of correlation functions and second-order characteristics (Penttinen et al. 1992; Moeur 1993; Stoyan and Penttinen 2000) to the original and the reconstructed forest data. These functions were not used during the reconstruction process and quantify the relationship between all pairs of points in the observation window, i.e., they explicitly go beyond the scale of nearest neighbours. For this study, the authors have selected the pair g(r) and mark k mm (r) correlation functions, the L function L(r), its marked counterpart L mm (r), and the mark variogram (r). For the mark correlation functions, tree diameters were used as quantitative marks. To answer the question whether the species-specific interaction between trees was reconstructed correctly, the mark connection function p ij (r) and the partial pair correlation function g ij (r) were computed. For these last two functions, the trees' species attributes were used as discrete, qualitative marks. In a similar way, the nearest neighbour distance functions D ij (r) and D ji (r) were estimated for the main species. Details about the characteristics used are given in Stoyan and Penttinen (2000) and Stoyan and Stoyan (1994) .
As with Degenhardt and Pofahl (2000) and Stoyan and Stoyan (1994) , confidence envelopes where estimated from the minimum and maximum values of the 1000 reconstruction replications.
Results
Both the error and the validation statistics in Figs. 4-9 suggest that all three original forests were successfully reconstructed. Białowieża and Hidegvizvölgy forests were particularly well reconstructed. This is demonstrated by comparatively low r. Bias and r. RMSE values (Figs. 4 and 5) and by the graphs of the correlation functions of the original woodlands being located well inside the confidence envelopes throughout their range (Figs. 7 and 8) . The correlation functions (Fig. 9 ) also indicate good results for the Walsdorf woodland (with the slight exception of the mark correlation function k mm (r) for small r), although the mingling index is affected by a high bias (Fig. 6) .
The graphs of the marked L function L mm (r), the mark variogram (r), the mark connection function p ij (r), the partial pair correlation function g ij (r), and the nearest neighbour distance functions D ij (r) and D ji (r) also indicated very good reconstruction results but are not displayed in detail. However, examples of their performance are given in Fig. 10 .
These results are of great interest, as they show that the reconstruction method is able to establish realistic long-range point interactions despite the exclusive use of only NNSS.
The use of different numbers, n, of nearest neighbours had only a minor effect on the reconstruction results. Some of the statistics used are better with larger n and others worse, and based on the fact that none of the results were extremely sensitive to different values of n, five neighbours appears to be a reasonable recommendation. However, the number of neighbours can be chosen with due regard to the sampling techniques and computational power available to the individual analyst.
The r. RMSE of individual NNSS did not exceed 10% in most cases (Figs. 4-6) . NNSS with maximum errors that sometimes exceed the 10% limit are ''mingling'' (M) (eq. 1.3 in Table 1 ) and the ''mean directional index'' (MDI) (eq. 1.2 in Table 1 ). The NNSS with the smallest errors is ''diameter dominance'' (DOM) (eq. 1.6 in Table 1 ). The changes in r. Bias and r. RMSE with increasing n vary with the choice of statistic and site. It is also worth noting that the error statistics of the mingling and the mean directional NNSS were negatively correlated. While r. RMSE of M in the Białowieża (Fig. 4) , Hidegvizvölgy (Fig. 5) , and Walsdorf (Fig. 6 ) woodlands decreased with increasing n, the r. RMSE of the MDI increased.
It is difficult to make a general statement about the size and relationship of sampling error, reconstruction error, and total error. Interestingly, the relationship between the three errors did not always reflect the simple expectation total error = sampling error + reconstruction error. For example, in Białowieża Forest, sampling error was often highest (Fig. 4) . The reconstruction error was frequently the smallest of the three (e.g., Białowieża, Fig. 4; Hidegvizvölgy, Fig. 5 ). Occasionally, the total error was even smaller than one of the other two errors, especially when n = 7 (e.g., TD and TDm in Białowieża, DOM in Hidegvizvölgy). This finding suggests that reconstruction can potentially be used to improve or even to correct sampling results. Figure 10 shows the results for the partial pair correlation function g ij (r), mark variogram (r), and the nearest neighbour distance functions D ij (r) for the Białowieża, Hidegviz- Table 1 ). x is the percentage of total trees sampled. Fig. 4 . r. Bias and r. RMSE for the Białowieża woodland (Poland). D, distance distribution (eq. 1.1 in Table 1 ); DOM, diameter dominance (eq. 1.6 in Table 1 ); M, mingling (eq. 1.3 in Table 1 ); MDI, mean directional index (eq. 1.2 in Table 1 ); TD, DBH differentiation (1) (eq. 1.4 in Table 1 ); TDm, DBH differentiation (2) (eq. 1.5 in Table 1 ). Open bars, sampling error; shaded bars, reconstruction error; solid bars, total error. n is the number of nearest neighbours. r. Bias and r. RMSE were calculated for n = 3, 5, and 7 and all species together. (2) (eq. 1.5 in Table 1 ). Open bars, sampling error; shaded bars, reconstruction error; solid bars, total error. n is the number of nearest neighbours. r. Bias and r. RMSE were calculated for n = 3, 5, and 7 and all species together. völgy, and Walsdorf woodlands and the case n = 5. The graphs of the three functions of the original forests are inside the confidence envelopes with the slight exception of g ij (r) of the Walsdorf woodland at short distances. This is a bit surprising, as the NNSS should yield good short-range information; perhaps this is related to the large r. Bias and r. RMSE values associated with the mingling index for this forest (Fig. 6 ).
Discussion and conclusions
The results of testing and validating the reconstruction approach clearly show that the method worked successfully for three quite different woodlands. All NNSS are precisely duplicated in the reconstruction, which is to be expected, since these are used in the contrast measures. However, the second-order characteristics of the reconstructed patterns are Table 1 ). Open bars, sampling error; shaded bars, reconstruction error; solid bars, total error. n is the number of nearest neighbours. r. Bias and r. RMSE were calculated for n = 3, 5, and 7 and all species together.
Fig. 7. L function L(r), pair correlation function g(r)
, and mark correlation function kmm(r) (r is intertree distance) for the Białowieża woodland (Poland). The mark used for the estimation of kmm(r) is tree DBH. The solid curves were estimated from the original forest. The confidence envelopes (broken curves) represent the maximum and minimum values of the 1000 reconstruction replications. n is the number of nearest neighbours.
Fig. 8. L function L(r), pair correlation function g(r)
, and mark correlation function kmm(r) (r is intertree distance) for the Hidegvizvölgy woodland (Hungary). The mark used for the estimation of kmm(r) is tree DBH. The solid curves were estimated from the original forest. The confidence envelopes (broken curves) represent the maximum and minimum values of the 1000 reconstruction replications. n is the number of nearest neighbours.
Fig. 9. L function L(r), pair correlation function g(r)
, and mark correlation function kmm(r) (r is intertree distance) for the Walsdorf woodland (Germany). The mark used for the estimation of kmm(r) is tree DBH. The solid curves were estimated from the original forest. The confidence envelopes (broken curves) represent the maximum and minimum values of the 1000 reconstruction replications. n is the number of nearest neighbours. also close to their observed counterparts. This is explained by the close relationship between Ripley's K function and the nearest neighbour distribution functions:
where D (j) (r) is the distribution function of the distance to the jth neighbour (Stoyan and Stoyan 1994, p. 267, eq. 14.52) . The success of the reconstruction also demonstrates the value of the NNSS used, highlighting the fact that they contain important information regarding tree distributions. It is possible to reconstruct woodland patterns based only on short-range information provided by NNSS. The good performance of the reconstruction method presented can be explained by the fact that the NNSS take care of small-scale variation while the systematically placed sample plots control global variation and possibly heterogeneity of the whole data. The successful estimation of confidence envelopes from the 1000 reconstruction replications (Figs. 7-10) and their good fit with the secondorder characteristics, such as Ripley's K function, from the large window data demonstrate that reconstruction can be used to estimate these long-range statistics from small subwindows. The quality of estimation of second-order characteristics also depends on how well the systematic sample covers and reflects the original woodland structures. This suggests that short-range and in particular nearest neighbour tree interactions contribute most of the information necessary for the understanding of overall spatial forest structure. This is of great interest from an ecological perspective and leads to the recommendation that NNSS techniques in conjunction with systematic sampling should be used also in other reconstruction applications. Standard recommendations for the radii of circular subwindows can be taken from forestry text books (e.g., Loetsch et al. 1973) .
The percentage of points sampled is likely to fall when larger populations are used. Preliminary reconstruction simulations in larger populations (not reported in detail here) have revealed that, to retain a constant sampling error, the number of trees that need to be sampled relative to the total number in the population decreases as the population size increases.
Finally, the reconstruction method is flexible so that it can be used with practically no modification to construct tree patterns in areas of larger size than the original window of observation. Fig. 10 . Partial pair correlation function gij(r), the mark variogram (r), and the nearest neighbour distance function Dij(r) (r is intertree distance) for the Białowieża (left panels), Hidegvizvölgy (middle panels), and Walsdorf (right panels) woodlands. n, the number of nearest neighbours, is 5. The mark used for the estimation of (r) is tree DBH. The solid curves were estimated from the original forest. The confidence envelopes (broken curves) represent the maximum and minimum values of the 1000 reconstruction replications. The number codes in the diagrams of the partial pair correlation function gij(r) and nearest neighbour distance function Dij(r) refer to the main species of the woodlands under study: 02, beech; 03, hornbeam; 05, Norway spruce; 30, sessile oak; 53, hornbeam.
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